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Climate forecasts project large changes in ocean temperature, biogeochemistry and the nature 19 and frequency of disruptive events that affect ocean circulation and primary productivity (e.g. 20 Cai et al. 2014; Yeh et al. 2009 ). Such shifts are expected to impose wide-reaching ecological 21 impacts, in part by altering animal recruitment in space and time (Sydeman et al. 2015) . As a 22 result, characterizing how climate shapes variability in recruitment can provide substantial 23 benefits to the conservation and management of marine resources. For species with planktonic 24 larvae, significant challenges remain in achieving such objectives due to the substantial effort 25 needed to characterize spatial and temporal variation in larval abundance and the numerous 26 sensitive vital rates that contribute to it. 27 28 For species like sea urchins, understanding causes and consequences of recruitment 29 variability has both ecological and economic implications. Sea urchin grazing can alter the 30 structure of some of the world's most diverse and productive marine ecosystems, including coral 31 reefs (e.g. Edmunds & Carpenter 2001; Mumby et al. 2007) , seagrass meadows (reviewed by 32
Valentine & Heck Jr 1999) and kelp forests (reviewed by Filbee-Dexter & Scheibling 2014) . In 33 addition, sea urchins form the basis of important nearshore fisheries in many regions of the world 34 (e.g. Andrew et al. 2003; Kato & Schroeter 1985) . As a result, climate-driven changes in sea 35 urchin populations have the potential to profoundly affect both marine ecosystems and associated 36 fisheries. Much of the ecological research on sea urchins has focused on the roles of predation 37 3 and disease in controlling adult abundance and their cascading influence on community structure 38 (e.g. Burt et al. 2018; Estes & Duggins 1995; Filbee-Dexter & Scheibling 2014; Lafferty 2004; 39 Mann & Breen 1972) . However, despite the widespread recognition of the importance of 40 recruitment variation in controlling population fluctuations in many marine species (Shelton & 41 Mangel 2011) , relatively few studies have examined the biotic and abiotic processes controlling 42 the supply of sea urchin larvae, and the degree to which they affect the abundance and dynamics 43 of older life stages. 44
45
Changes in climate can affect spatial and temporal patterns of larval supply by influencing 46 the production of larvae by benthic adults and the survival of larvae in the plankton. Increases in 47 ocean temperature and storm-related disturbances can impact larval production by (1) increasing 48 adult mortality via physical disturbance (Ebeling et al. 1985) and the spread of water-borne 49 pathogens (Behrens & Lafferty 2004; Lafferty 2004) , and (2) reducing adult fecundity by 50 altering food availability (Foster et al. 2015; Okamoto 2014) and inhibiting gametogenesis 51 (Basch & Tegner 2007; Cochran & Engelmann 1975 ). Because sea urchins produce feeding 52 larvae that spend weeks to months in the plankton, increases in ocean temperature can also affect 53 larval development, growth and survival, either directly, or indirectly by altering the availability 54 of their phytoplankton food source (Bertram & Strathmann 1998; Byrne et al. 2009; Hoegh-55 Guldberg & Pearse 1995; Meyer et al. 2007; Strathmann 1987) . Finally, climate related changes 56 in patterns of ocean circulation can affect the transport of larvae from source to destination 57 (Siegel et al. 2008; but see Morgan 2014) . Thus, the effects of climatic change on sea urchin 58 recruitment represent cumulative impacts on adult abundance and reproduction, current patterns 59 that transport larvae, and larval development and survival. Because patterns of ocean 60 temperature, circulation and upwelling can vary dramatically in space, the effects of climate 61 change on sea urchin recruitment potentially vary over large spatial scales. A dearth of long-62 term, high frequency, spatially extensive data has prevented characterizing temporal and spatial 63 variability in larval recruitment in sea urchins, the degree to which it is explained by different 64 sources of environmental variation, and the relative importance of these drivers in accounting for 65 fluctuations in population size. 66
67
Here we used a unique 27-year weekly to biweekly time series of newly metamorphosed 68 larvae (which we refer to as "larval recruits"), collected on artificial substrates placed at seven 69 locations distributed across >1000 km of coast in California to: (1) quantify variation in larval 70 recruitment across different temporal and spatial scales; (2) evaluate whether larval recruitment 71 on artificial substrates predicts year-class strength in natural populations; and (3) determine the 72 relative importance of factors contributing to the observed variation in larval recruitment, namely 73 those that affect reproductive output (such as benthic adult abundance and per-capita fecundity) 74 4 and oceanographic conditions that affect planktonic larval survival and transport. Due to the 75 correlative nature of our analyses our primary aim was to reveal potential causal relationships 76 that merit further evaluation as drivers of sea urchin recruitment dynamics at spatial and 77 temporal scales relevant to natural populations. 78
79
Study system 80
Populations of the purple sea urchin (Strongylocentrotus purpuratus) occupy shallow 81 subtidal and intertidal rocky substrata from at least 27°N on the western coast of the Baja 82
Peninsula (Olivares-Bañuelos et al. 2008) to at least 59°N on the Kenai Peninsula in Alaska 83 (Field & Walker 2003) . Purple urchins are broadcast spawners and the seasonality of their 84 spawning in California is generally thought to be driven by photoperiod and temperature 85 (Cochran & Engelmann 1975; Gonor 1973; Pearse et al. 1986 Pier and Gaviota Pier) and one site at Fort Bragg (Figure 1 ). San Diego and the Santa Barbara 98
Channel lie within the Southern California Bight and Fort Bragg is in northern California. At 99 each site, urchins were collected using nylon-bristled scrub brushes (2.5 cm long bristles and a 6 100 x 9 cm wooden base) suspended 1 to 2 m from the benthos (Ebert et al. 1994) . 
Results
119
(1) Estimated Patio-temporal Trends in Purple Urchin Larval Recruitment 120 Substantial interannual variability in larval recruitment of S. purpuratus was observed with 121 years of poor recruitment (e.g. 1995, 1998, 2005, 2016) Larval recruitment in southern California was highly seasonal, with similar patterns among 137 sites ( Figure 3 , Figure S2 ). On average 90% of recruitment occurred from March to July with a 138 single peak in late April/early May ( Figure 3a) . By contrast recruitment at Fort Bragg in 139 northern California extended over a longer period of time (90% occurred, between January and 140 September) and often included two peaks per year (a large consistent peak around July and a 141 smaller peak in February and March of some years; Figure 3a , S3). The seasonal peaks in 142 recruitment in southern California coincided with the peaks in sea surface chlorophyll (Figure 3a  143 vs. 3b) and troughs in sea surface temperature (Figure 3a vs. 3c). In northern California the 144 primary peak occurred slightly after the peak in chlorophyll a. climate and larval recruitment and year-class strength of purple sea urchins over a three-decade 252 time period. These unique time series provide an unprecedented illustration of climate related 253 impacts on larval recruitment dynamics that are notoriously difficult to investigate. We show 254 that fluctuations in larval recruitment can influence year-class strength in an herbivore that is 255 known to severely alter the composition of an entire benthic ecosystem. Although these results 256 9 are based on correlations, they were observed consistently over three decades (with further  257 anecdotal evidence spanning six decades) that have included multiple ENSO events. Moreover, 258 our findings provide important insights into the environmental drivers of larval recruitment, 259 which is essential for understanding and predicting the influence of climate on regional 260 population and community dynamics of marine species. Oceans are experiencing simultaneous 261 shifts in temperature, water chemistry, productivity and circulation; thus future investigations 262 aimed at determining the specific biotic and abiotic processes that regulate larval recruitment 263 should provide much needed knowledge of how climate change is influencing regional 264 population dynamics to alter the dynamics and structure marine ecosystems. 265
266
Methods
267
(
1) Estimated patio-temporal Trends in Purple Urchin Larval Recruitment 268
We estimated annual, seasonal, and spatial trends in larval recruitment using an integrated 269 spatio-temporal model that accounted for both the intercorrelated and heterogeneous nature of 270 the multivariate time series. Specifically, we used a Bayesian hierarchical model with 271 spatiotemporal correlations in the underlying annual and seasonal scale trends, and spatial 272 correlations in the process error terms. We used this model to simultaneously estimate biweekly, 273 seasonal and interannual trends in recruitment, and spatial synchrony while accounting for 274 observation noise. 275 276 Using this model, we calculated the log-scale biweekly mean trend in larval recruitment as 277 the sum of the estimated annual trend, seasonal trend and process error in the statistical model. 278
The annual trend was estimated using a separable spatio-temporal covariance prior where the 279 spatial covariance is unstructured (i.e. each element estimated) and the temporal covariance 280 determined by a Matérn 3/2 prior. Functionally, we constructed the covariance matrix for the 281 annual trend using Kronecker matrix-vector operations with the Cholesky decompositions of the 282 spatial and temporal correlation functions independently for efficiency (Steeb & Hardy 2011) . 283
The seasonal trend within each site was estimated using a periodic temporal covariance (MacKay 284 1998). The process error (deviations from the sum of smoothed annual and seasonal trends) was 285 modeled with an unstructured spatial covariance, assuming temporal independence. We used a 286
Poisson likelihood to link the expectation (biweekly mean trend) to the observed counts of S. 287 purpuratus larval recruits. 288
289
Occasionally we encountered samples with sufficiently large numbers of larval recruits 290 (hundreds to thousands of urchins per sample -1,070 out of 53,478 samples or ~2%), which 291 prevented efficient identification of all urchins to species. In these cases, S. purpuratus were 292 10 identified from a homogenized subsample of 30-100 individuals. We accounted for the 293 uncertainty in S. purpuratus abundance introduced by this subsampling routine by using a beta 294 prior with parameters determined by the subsampled S. purpuratus counts and the non-S. 295 purpuratus counts. This prior was derived as the analytical posterior distribution of the 296 proportion of the true, latent fraction that was S. purpuratus given a Jeffrey's prior on a binomial 297 model of the observed counts. 298
299
All equations for the model are given in Supplementary Table 1 We allowed the intercept ( 4 ) to vary by site nested within each island because of overall 326 differences in mean juvenile density among sites and islands. We used a negative binomial (NB) 327 with the using direct mean and variance parameterization form: 328 4,6~ NB ln 4,6 − ln 1 . 4, 6 . 4, 6 . 4, 6 , '
329
We constructed the model in this format (i.e. with the density denominator in the left hand 330 side of the equation) to maintain the sample size and integer nature of the data while modeling 331
the mean density. We tested the hypothesis of no correlation using a likelihood ratio test. 332
Models were estimated using glmmTMB (Magnusson et al. 2017) in R. 333
(3) Relationships with Environmental Conditions 335
We tested how larval recruitment trends correlated with physical and biological variables 336 using two core analyses. Covariates included the following: 337 (monthly, 1990-2016, all (ii) Coastal upwelling index (monthly, 1997 Coastal upwelling index (monthly, -2016 Figure 1 depicts the aerial extent of chlorophyll data used in the analysis. 369 (iv) Sea surface temperature (monthly, 1997-2016, all sites) : We used sea surface 370 temperature data derived from Pathfinder AVHRR (advanced very high resolution radiometer) 371 that were optimally interpolated on daily and 0.25 degree latitude/longitude resolution (Reynolds 372 et al. 2007 ). To produce monthly scale time series, we ran data through a 30-day moving 373 average filter with a rectangular, backwards looking window in order to capture general temporal 374 trends in the data. We spatially aggregated data using the same buffers as for chlorophyll indices. 375 Figure 1 illustrates mean spatial trend in winter sea surface temperature for the entire study 376 region. 377 (v) Fall kelp canopy biomass (annual, 1996 -2015 only): The regional biomass of giant kelp Macrocystis pyrifera can fluctuate dramatically from 379 year to year (Bell et al. 2015) . Giant kelp is a preferred food and a major constituent of S. 380 purpuratus diets in southern California (Foster et al. 2015) . (annual, 1997 -2016 : 391
As an index of regional adult reproductive density of sea urchins in the Santa Barbara Channel, 392
we used the geometric mean of adult biomass density using survey data from The Channel 393
Islands KFM Program (Kushner et al. 2013) . We used the same sites and data as described 394 above (see relationship between urchin larval recruitment and benthic juvenile recruitment) with 395 the exception that instead of juvenile density we used adult biomass density. This was calculated 396 as the biomass of adults based on: (1) the mean relationship between size and individual 397 13 biomass, (2) the size frequency of adults at a given site in a given year, (3) the total number of 398 urchins, and 4) the total area surveyed. Genetics of gene expression responses to temperature stress in a sea urchin gene network. 626
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Variable Correlations
To illustrate the intercorrelated nature of the covariates and responses, we estimated a network model for Gaviota Pier that includes the independent model estimates of S. purpuratus settlement and its seasonality. To do so, we first constrained network structure by excluding all nonsensical interactions (i.e. chlorophyll does not cause ENSO events and is thus eliminated a priori) and including all known directional interactions (i.e. estimated seasonality affecting settlement for is forced into the network). Learning of the network skeleton is achieved via the Hill Climbing algorithm using the bnlearn 1 package in R. Note that strong collinearity can result in the weaker correlation being ignored (e.g. ENSO over SST with Larval Recruitment). // spatially and temporally correlated , standardized annual trends
